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Models Arch. Modality Tasks PL

CodePTM D 528 —

GPT-2 [9] TD NL Text ULM
BART [11] TF NL Text DAE
TS [10] TF NL Text Seq2Seq MLM -
SCELMo [52] LSTM _ Code BiLM Mono
— M
190) :ETJI/% 7h, ) @Eﬁ,,n\ 75\ b j] 7 - /r A CuBERT [12] TE Code MLM + NSP Mono
GPT-C [14] TD Code ULM Multi
— = - C-BERT [13] TE Code MLM Mono
* Arch. ( ) XTI F v ) JavaBERT [15] TE Code MLM Mono
. CodeGPT-adapted [35] TD Code ULM Multi
LSTM : Lon g Short-Term Memo ry DeepDebug [16] TF Code Seq2Seq MLM Mono
TF : Transformer CodeBERT [53] TE Code + Doc MLM & RTD Multi

TE : Transformer Encoder (> a—&X0&D LSV X7 +—7)

Code + Doc + MLM +

TD : Transformer Decoder (73 —XDHD b T X7 4 —)  OwhCodeBERTI4 TE  pEG Nodes  EP+NA i
CugLM [40] TE Code IMLM + NSP + ULM Multi
N —_ — N MLM & .
° Modality <:E —XYUT4 ) : PTMDO T — X )\jj EZZ_Et POBE (23] L Code Seq2Seq IMLM Multi
T5-learning [56] TF Code & Doc Seq2Seq MLM Mono
: PLBART [57] TF Code & Post ~ DAE Multi
- Natural Language
ProphetNet-Code [58] TF Code & Doc FNP Multi
Code CoTexT [59] TF Code + Doc Seq2Seq MLM Multi
*E 7;';5[ ﬂig Et TreeBERT [28] TF i‘;‘}e 1;; - TMLM + NOP Multi
L 1 OSCAR [60] TE IR + AEI MLM + CCL Mono
r=h I3 ) Cod VGVAE + CLR .
e Tasks (% Bl F ¢ /ﬁ HRXRY ) CodeDisen [61] LSTME e q Lo Multi
PR Seq2Seq MLM / IT / :
*1&1’1@ CodeTs5 [62] TF Code + Doc SZZZSZS NiRLEDe Ml
Code + Doc + MILM + IT + TEP +
. SynCoBERT [63] TE e Multi
q MCL

° PL (7D77 v 7S5 e CAP & MASS &

- ——£ SPT-Code [29] TF Names + Multi
DDE ;(__l' }/_Il:\ AST Soq MNG

3k =H : AST Seq + MLM / ULM / Seq2Seq ;
%E MDEFE| 5(__“/4[\ Hu et qE Doc MLM / MCL / CMG Muls
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CA © Code Aware Only
SA @ Code Structure Aware Only
CMA  Cross Modal Aware Only

CN : Code NL
CS : Code Structure
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CNS : Code-NL-Structure

0. (Output)

G : Generative

C : Categorical

Type O. | Task Full Name and Description
ULM [14] Unidirectional LM: conditional on words that have already appeared, maximizes the conditional probability of all next words.
FNP [58] Future N-gram Prediction: conditional on words that have appeared, maximizes the conditional probability of all next N (/N > 1) words.
BiLM [52] Bidirectional LM: apply ULM to the input and its reversion to maximize the conditional probability of each word in both directions.
G MLM [15] Masked Language Model: predicts a certain percentage of tokens that have been randomly masked in the input. (Basic version of MLM)
C/NLA " | WWM [13] Whole Word Masking: a variant of basic MLM, if parts of a word is masked, ensure all subwords/tokens in it be masked.
MASS [29] MAsked Seq2Seq: predicts 50% of the content that is randomly masked consecutively in the sentence in the encoder-decoder architecture.
SMLM [56] Seq2Seq MLM: sequentially predicts a set of token spans randomly masked in the input in the encoder-decoder framework.
DAE [57] Denoising Auto-Encoding: recovers the original input from the one tampered by masking, deleting, and replacing tokens, etc.
C NSP [12] Next Sentence Prediction: determines whether the two given sentences or logical lines of code appear consecutively in real world.
' RTD [53] Replaced Token Detection: identifies whether a token in the input is a fake one that is produced by a small generator network.
G IMLM [40] Identifier MLM: predicts a certain percentage of identifiers that randomly masked in the code text (an adaption of basic MLM to code).
CA " | SIMLM [62] Seq2Seq IMLM: an adaptation of Seq2Seq MLM to source code that masks only a certain percentage of the identifiers in the code text.
c IT/IP [62] Identifier Tagging/Predicting: determines whether the input token at each position is an identifier or not via binary classification.
" | CCL [60] Code Contrastive Learning: minimizes/maximizes the distances between the representations of similar/dissimilar code snippets.
SA c EP/TEP [54] Edge Prediction: predicts the edges that are masked by randomly selecting source and target nodes in a DFG or AST.
" [ NOP [28] Node Order Prediction: determines if a change occurs in an AST where the order of some randomly selected nodes are changed.
CN G BDG/CMG [62] Bimodal Dual Generation/Cross Modal Generation: generates a Natural Language/Code if Code/Natural Language is given.
" | MNG [29] Method Name Generation: produces a name for the given method body by generating sub-tokens with the decoder sequentially.
G CLR [61] Cross-Language Reconstruction: generates a code snippet in one PL functionally equivalent to the given one in other PLs.
| TMLM [28] Tree MLM: generates complete code from inputs where some terminal nodes/identifiers in ASTs/code are masked in encoder/decoder.
CMA VGVAE [61] vMF-Gaussian Variational Autoencoder: disentangles code semantics from code syntax under the supervision of a masked AST.
CS CAP [29] Code-AST Prediction: determines whether the given code and AST in the input correspond to each other via binary classification.
C. [ NA [54] Node Alignment: predicts the masked edges connecting randomly sampled nodes in a DFG and its corresponding code token.
PD [61] Posterior Distribution: minimizes the difference in semantics distributions of functionally equivalent code snippets in different PLs.
ACP [61] Attentive Code Position: predicts the node type in AST of a code token in the input through an attention mechanism.
CNS | C MCL [63] Multi-modal Contrastive Learning: an adaptation of CCL to (Code,NL)/(Code,Structure) pairs where samples are no longer code pairs.
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N I\ K Type I-O Task Ab.  1ID: Dataset Metrics
ﬁ X 7 Lj:'l’/( | L\— J: O T jj Ay = D1: Devign [30] Acc
D2: DeepBugs [31] Acc
5 Defect Detection DD v1: VMC [12] Acc
« Und. : Understanding, E#% G W1 WBO [12] Acc
S3: SO [12] Acc
. . > ; B1: BigCloneBench [32] F1
 Gen. : Generation, 45X o Clone Detection €D ——>—A{-p8A 53] "
. ’ Exception Type ET K1: Kanade et al. [12] Acc
e (C.: Cod e, a— l~ c.C Code}-to-Code CR Plf POJ-104 [34] MAP
Retrieval c2: CLCDSA [33] MRR
. == C3: CodeSearchNet (Filtered) [35] MRR
« NL : Natural Launguage, BASE e CS 1 AdvTest 35] MRR
: Code Question QA C4: CoSQA [36], WebQueryTest [35] MRR
V! Extracted/Predicted Value 1 H/FB{& ATEWEHng e L
Code Translation CT T1: TransCoder [37] CA
)( I\ I) 7 =z C2: CLCDSA [33] RL
Bug Fixing BF B2: BFP [38] EM/B./C.B.
c.C pP2: PY150 [39] EM/ES
* Acc: Accuracy Code Completion CC gf g&%}fﬁl[fo] Eﬁ
e Fi S2: Svyatkovskiy et al. [14] PPL
G Mutant Generation MG G1: GM [42] EM/B.
. . el: Assert Generation AG  A3: ATLAS [43] EM/B.
* P ! Precision C3: CodeSearchNet (Filtered) [35] B.
A2: Attn2FC [44] B.
e« R :Recall D3: DeepCom [45] B.
C-NL  Code Summarization SM P2: PY150 [39] EM
. . C7: code2: 46 EM
« MRR : Mean Reciprocal Rank = %(’L-i:szgs[um] i T
. . M1: Miceli-Barone and Sennrich [48]  B.
* MAP : Mean Average Precision NL-C  Code Generation CG  c8: CONCODE [49] EM/B./CB.
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Code Understanding Tasks

Code Generation Tasks

Models Arch. Modality Tasks PL C-V C-C NL-C C-C C-NL NL-C
DD CD ET CR CS QA CT BF CcC MG AG SM CG
RoBERTa [7] TE NL Text MLM - D1:61.05  BI1:94.9 P1:76.67 f:&l 'Z} C4:60.3 C3:16.57
GPT-2 [9] TD NL Text ULM - P2:41.73 17.35
BART [11] TF NL Text DAE - 11.7
T5 [10] TF NL Text Seq2Seq MLM - D1:61.93 9.7 C3:18.35 18.65
SCELMo [52] LSTM  Code BiLM Mono  D2:93.12
V1:95.21 P2:33.48
CuBERT [12] TE Code MLM + NSP Mono  W1:92.46 79.12 F1:98.09 C7:52.76
$3:93.36 D3:17.41
GPT-C [14] TD Code ULM Multi S2:1.65
C-BERT [13] TE Code MLM Mono D1:57.4
JavaBERT [15] TE Code MLM Mono
CodeGPT-adapted [35] TD Code ULM Multi P2:42.37 20.1
DeepDebug [16] TF Code Seq2Seq MLM Mono 15.05
C3:17.83
. P2:35.97
CodeBERT [53] TE Code + Doc MLM & RTD Multi P1:82.67 C3:69.3 C4:65.7 C5:58.5 10.8 C7:56.52
D3:17.87
Code + Doc + MLM + . . . . . .
GraphCodeBERT [54] TE DEG Nodes EP + NA Multi B1:97.1 P1:85.16 C3:71.3 C4:68.4 C5:59.1 13.2
CuglLM [40] TE Code IMLM + NSP + ULM Multi C6:81.91
MLM & . . .
DOBF [55] TF Code Seq2Seq IMLM Multi B1:95.9 Al1:38.3 T1:46.35 C3:18.65
T5-learning [56] TF Code & Doc Seq2Seq MLM Mono 6.5 28 40.5 A2:15
PLBART [57] TF Code & Post DAE Multi D1:63.18  BI1:97.2 C4:65.0 C5:64.8 14.10 C3:18.32 18.75
ProphetNet-Code [58] TF Code & Doc FNP Multi C3:18.54
CoTexT [59] TF Code + Doc Seq2Seq MLM Multi D1:65.99 17.30 C3:18.38 20.1
Code + D3:20.49
TreeBERT [28] TF TMLM + NOP Multi P2:45.81
AST Paths C7:67.9
OSCAR [60] TE IR + AEI MLM + CCL Mono P1:49.17
. Code + VGVAE + CLR .
CodeDisen [61] LSTM AST Seq + PD + ACP Multi C2:90.0 C2:43.6 C2:50.08
A Seq2Seq MLM / IT / . . . . . :19.5
CodeT5 [62] TF Code + Doc Seq2Seq IMLM / BDG Multi D1:65.78  BI1:97.2 C4:67.8 C5:66.4 17.79 C3:19.55 | 22.30
Code + Doc + MLM + IT + TEP + . C3:74.0
SynCoBERT [63] TE AST Seq MCL Multi D1:64.5 B1:97.4 P1:88.24 A138.1 C5:60.85
Code + C3:15.0
SPT-Code [29] TF Names + &?\}Z}& MASS & Multi C3:71.5 C5:62.18 14.2 S1:19.09 T2:49.1
AST Seq M1:36.1
. X AST Seq + MLM / ULM / Seq2Seq . . . C3:74.4 . )
UniXcoder [64] TE Doc MLM / MCL / CMG Multi B1:95.2 P1:90.52 Al41.3 C4:70.1 C3:19.30 | 22.60

2R E L TTRICHERENTLD EIFER L




il

FifE R A
Ejﬁthxﬁ AB/EM(QI_:‘

Model Acc

Cur New
Transformer 64.40
RoBERTa 61.05 64.47
GPT-2 - 63.22
BART - 63.81
T5 61.93  61.87
CuBERT - 6425
GPT-C - 63.77
C-BERT 57.4  64.05
JavaBERT - 64.50
CodeGPT-adapted 65.64
DeepDebug 64.18
CodeBERT 65.02
GraphCodeBERT 65.92
Cugl.M 64.19
DOBF 63.86
TS-learning - 63.60
PLBART 63.18  64.21
ProphetNet-Code - 63,57
CoTexT 65.99  65.68
TreeBERT - 65.76
CodeT5 65.78  65.82
SynCoBERT 64.5 [66.25
SPT-Code - 64.88
UniXcoder 65.64

« SynCoBERTI|&CoTextZz Lk [al V) #7742 SOTA L % > 7=
(FTIXCoTextH'SOTA) *SOTA—-F5tin, SaiEn=
— X777 F v
FR2ETFTLIZES B HTE (Transformer-encoder) \— X,
TEAAZDRRAVICELT-Arch. TH % L iEwmD T 5 ITIF A+ 5

e E—X YT 4 O— FEBEEENLOXNA I EREIZ+ DRE
SONDIERDERAEDLEE
WJ) TFR— X DTreeBERTIZASTARZ{EHT 5 Z & TTFOR—XE

TIL % EE
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Model F1

Cur New
Transformer 89.27
RoBERTa 94.9  95.35
GPT-2 - 96.22
BART 95.11
T5 94.86
CuBERT 94.78
GPT-C 95.46
C-BERT 95.00
JavaBERT 96.57
CodeGPT-adapted 96.65
DeepDebug 95.90
CodeBERT - 96.77
GraphCodeBERT 97.1  97.11
CuglM - 96.44
DOBF 95.9  96.84
TS-learning - 96.38
PLBART 97.2  97.01
ProphetNet-Code - 96.05
CoTexT 95.96
TreeBERT - 9651
CodeT5 97.2  97.18
SynCoBERT 97.4 97.55
SPT-Code - 9640
UniXcoder 05.2 96.32

« PLBARTOEIATHA 7= L LUARRDIER EE L

s ERI¥BRXRIDNE—THD LV EREAINTLEAD
CDRRITIZBEWTENTWS EHER (L2610
SynCoBERT & CodeT5h'42 (%t L, PLBARTIZE—)

e L WEERIZEL > TTD (Transformer Decoder) R— X D

MERENLEERTZE D LD IC
LIRS DTDR—XPTM & & 117-CodeGPT-adapted |4 711
Tdh 7=
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Model Acc
Cur New

ransformer 48.98 * ;\\ /\\\ N\ — N ) ﬁb i\i:ii—l:. \ \ ’
T FEHIARZIITER— X TILSOTAKRED ZEKR S NG

RoBERTa ~—76.94 _ L .
GPT:2 1554 TF (Transformer, TF X b A BT F X FAZH) DCodeT5HRE
TS 7475 3 _ -
CuBERT 7912 79.90 THolol L
GPT-C _ 7826 \ \
. B « tBDArch. TREEINDZETIVIFUTORY
ST el TEXR — X UniXcoder : 21
CodeBERT —R1.33
GraphCodeBERT 8326 TDX—X GPT-C : 101z
cUg]LlM 1 - fir

DOBF - 79.04 _ _ N .
TS leaning - 08 e CodeT5EBITIRNLZ—BDOXFINICTyEYTT 5, FlADA
g‘g’e}f}Net‘C"de ] ;2;? Tv I XATIEEL, TFXMEFHT S
i —y 5t L CTER—Z TlE, BRIFB L X7 OKEDH/NA F U HETH
SPT-Code -7 B1:%, FHETHBAMML D 3

UniXcoder - 8347
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CR

Model MAP

Cur New
Transformer 64.27
RoBERTa 76.67  80.20
GPT-2 - 53.30
BART 79.63
T5 69.16
CuBERT 76.87
GPT-C 55.23
C-BERT 72.91
JavaBERT 77.44
CodeGPT-adapted 72.63
DeepDebug - 7351
CodeBERT 82.67  85.61
GraphCodeBERT 85.16  87.73
Cugl.M - 83.32
DOBF 87.31
TS-learning 80.82
PLBART 85.02
ProphetNet-Code 79.82
CoTexT 86.65
TreeBERT 85.54
CodeT5 - 8753
SynCoBERT 88.24  88.52
SPT-Code - 86.54
UniXcoder 90.52  90.55

e FHILWERLVTER—X AP EDArch. & V) EF)TH 3

s ZHMHERRORWMBOET L
TFR—X CodeT5 : 411
TDX— X CodeGPT-adapted : 201z
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Model MRR

Cur New
Transformer 3.12
RoBERTa 18.33  18.82
GPT-2 - 16.38
BART 16.65
T5 16.97
CuBERT 22.26
GPT-C 24.39
C-BERT 25.34
JavaBERT 25.02
CodeGPT-adapted 25.97
DeepDebug 30.58
CodeBERT 38.21
GraphCodeBERT 38.76
CuglM - 36.20
DOBF 38.3  38.56
TS-learning - 37.98
PLBART 38.70
ProphetNet-Code 37.64
CoTexT 38.13
TreeBERT 39.60
CodeT5 - 40.03
SynCoBERT 38.1  39.99
SPT-Code - 37.05
UniXcoder 41.3  41.57

00— FIRER
c IHIREZTDH BT, TDXRY TIETER—RD
UniXcoderh &R TH - 7=,

e TER—XETFIR—RDETIUDAKEBEIZT VT4

13
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Model MRR

Cur New
Transformer 52.89
RoBERTa 1 60.3 60.28
GPT-2 - 58.06
BART 55.57
T5 45.63
CuBERT 54.33
GPT-C 50.32
C-BERT 54.81
JavaBERT 54.04
CodeGPT-adapted 54.24
DeepDebug - 57.39
CodeBERT 65.7  65.90
GraphCodeBERT 68.4  68.55
CuglM - 61.44
DOBF 61.31
TS-learning - 60.21
PLBART 65.0 65.01
ProphetNet-Code - 6373
CoTexT 68.70
TreeBERT - 6498
CodeT5 67.8 6791
SynCoBERT - 69.19
SPT-Code - 6455
UniXcoder 70.1  70.30

c IHIREZTDH BT, TDXRY TIETER—RD
UniXcoderh &R TH - 7=,

UniXcoderDERIFE X X7 TH HMCLIL,

2DODANDEWVWIII—HT HHhEIDZXFTHIL

ZENELTEY, TOXXRIJOEELIEVWZHX O
ThHhahoT-EEZ NS,




HiifER G ¢ 3 — F#f

il

Code Translation ”J t C#" t ”C# t J n 0) 2 o Q
Model Java->C# C#->Java o ava O O ava / \
EM BLEU CodeBLEU EM BLEU CodeBLEU
Cur New Cur New Cur New Cur New Cur New Cur New
Transformer 330 408 5584 6022 6374 67.10 379 439 5047 5486 6159 61.84 ~
RoBERTa - 589 - 79.70 - 8377 - 595 - 1314 - 78.63 /
GPT-2 - 544 - 65.39 - 7692 - 56.0 - 69.41 - 7124
BART - 495 - 6791 - 7425 - 552 - 7232 - 70.80
T5 - 453 - 69.23 - 76.05 - 532 - 7384 - 7152
CuBERT - 556 - 75.15 = 7930 - 556 = 70.07 - 7531 . .
GPT-C - 609 - 7791 - 8248 - 596 - 7294 - 7818 N N
C-BERT - 554 - 7465 - 8163 - 564 - 7028 - 7573 ® P |_ B A RT t COd eT 5 75\ % ﬂ % ﬂTO p2
JavaBERT - 6Ll - 8074 - 8045 - 583 - 170.10 - 7114
CodeGPT-adapted - 620 - 8021 - 8547 - 603 - 7293 - 79.02
DeepDebug - 595 - 8146 - 83.95 - 638 - 7510 - 8243
CodeBERT 590 612 7992 81.16 8510 8529 580 60.1 7214 7373 7941 80.11
GraphCodeBERT 594  62.6 80.58 81.24 - 8534 588 615 7264 73.67 - 80.63 RN e
CugLM - 608 - 7834 - 83.65 - 616 - 73.95 - 7806 [ ) TO p 5 Lj: g N Z TF—-E T }[/ Z\‘ % ’D 7”"
DOBF - 648 - 8027 - 8277 - 646 - 7544 - 8053 —.
_learpino - 629 - 7819 - 8113 - 648 - 7564 - 8109
IPLBART 646 678 8302 8475 8702 88.16 650 674 7835 79.75 8527 8505 |]
ProphetNet-Code - 625 = 80.38 - 81.64 - 645 T 75.68 ~- 8104 | —\ 1 »
CoTexT - 657 - 8335 - 8563 - 654 - 7798 - 8231 TE —-E T } l/ ‘j: J”E _\_L 7& |: Lj— '71—:
Y o 9 d o o o
UniXcoder - 645 - 8166 - 85.60 - 641 - 7137 - 8256 > | —_ — §\ -
TE—X YT A4ICNLAA->DTWHZ &

NEETH .

15
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Bug Fixing

Model small medium
EM BLEU CodeBLEU EM BLEU CodeBLEU
Cur New Cur New Cur New Cur New Cur New Cur New
Transformer 147 1463 7721 76.92 - 73.88 3.7 846 89.25 89.23 - 86.86
RoBERTa - 13.88 - 79.72 - 17831 - 9.09 - 88.69 - 84.05
GPT-2 - 1497 - 6442 - 68.10 - 5.05 - 74.11 - 7242
BART 16.7 15.60 - 7134 - 7243 6.7 6.97 - 8237 - 81.85
T5 153 14.34 - 69.71 - 73.10 4.11 6.49 - 7822 - 7820
CuBERT - 14.87 - 7493 - 75.28 - 8.92 - 86.12 - 83.09
GPT-C - 13.08 - 70.06 - 7183 - 8.26 - 8541 - 8247
C-BERT - 14.04 - 73.19 - 7454 - 9.37 - 8557 - 83.87
JavaBERT - 15.39 - 78.98 - 76.02 - 9.41 - 8533 - 8442
CodeGPT-adapted - 13.66 - 76.07 - 7713 - 11.00 - 8528 - 8455
DeepDebug 18.7 18.13 - 76.64 - 7691 114 11.09 - 87.10 - 85.80
CodeBERT 164 1466 77.42 78.41 - 78.09 52 9.72 90.07 86.94 - 83.88
GraphCodeBERT 173 1685 80.02 79.61 - 79.68 9.1 10.14 9131 87.63 - 8533
CugLM - 1378 - 75.36 - 7520 - 9.08 - 8520 - 84.82
DOBF - 1545 - 75.52 - 74.62 - 10.28 - 8793 - 8501
T5-learning 10 17.62 - 71.05 - 76.30 3 1094 - 8846 - 8642
PLBART 1921 1940 77.02 78.03 - 7158 898 11.05 88.5 88.48 - 86.67
ProphetNet-Code - 1723 - 7540 - 75.60 - 1075 - 86.82 - 84.19
CoTexT 21.58 2133 7728 7720 7738 77775 13.03 1337 88.68 87.13 8441 85.14
TreeBERT - 2073 - 79.38 - 7517 - 12.89 - 89.05 - 8715
CodeT5 21.61 21.65 7743 717.55 - T71.24 1396 1430 87.64 89.23 - 87.05
SynCoBERT - 2032 - 78.81 - 78.56 - 1117 - 8794 - 86.10
SPT-Code 17.54 1859 75.10 78.51 - 7497 1086 12.06 87.88 88.37 - 8435

Top4|dCodeT5, CoTexT,
TreeBERT, UniXcoder,

Top3DArch |ITFR—XTdH - 7=
TEETDR— X DJBERLIZE L

Masked Language Model D &g
RRY ZE>TWBETIVEER,

FRIIFEAEDETILAMER,
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Code
Completion

Model EM ES

Cur New Cur New
Transformer 37.71 - 6795
RoBERTa - 39.01 - 68.98
GPT-2 41.73 41.77 - 70.30
BART - 30.67 - 56.17
T5 28.58 - 5524
CuBERT 38.32 66.97
GPT-C 42.82 71.35
C-BERT 41.07 67.82
JavaBERT - 39.16 67.67
CodeGPT-adapted | 42.37 43.80 - 7254
DeepDebug - 39.68 - 65.28
CodeBERT 40.77 - 68.58
GraphCodeBERT 40.26 - 69.88
Cugl.M 42.94 - 7189
DOBF 39.35 - 69.30
TS5-learning 38.06 - 66.58
PLBART 41.74 68.42
ProphetNet-Code 39.66 67.24
CoTexT 40.36 70.16
TreeBERT 41.73 70.14
CodeT5 40.52 71.29
SynCoBERT 41.52 70.26
SPT-Code 40.20 68.97
UniXcoder 41.69 69.84

S CE

« CodeGPT-adaptedH'SOTA L 75 - 7=

TDETIILICE Y SOTADER I N/-D X5 ]o

D LLER THE—.

 UnidirectionalZz €7 /L ( CodeGPT-
adapted, CugLM, GPT-C) H‘Top3THF

c F—X T4 D5H, NLE O— FEEHIE
B EEERL-IRVHE—DRXRRY
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Fii#& R J : Assert Generation

il

Assertion : O— FATHEDFKHEINETH S I L ZHERT H7-HDX,
FEPBE-INBWHEEL 7 —25|ZRI L, FIANDGEAEZDRICKE
TZE %
« TOp5IEIT RTCTFR—XTH > 7.

75 PLBART, TreeBERT, SPT-Code, T5-learning, CodeT5

« TEETDII LA THRLTH - 7=,

* TreeBERTIANA DTop5IEETE—X Y T A IINLAA-THEY, BELAKE
zR-LTW5S,



I~

it & K : Mutant Generation

il

» Top3l¥CodeT5, TreeBERT, PLBART.,
INolEa—FIZMAT, NLEAEIFa—FBEoWwInhz ANDIDE

E

LTERBLTWS=®, E—XUT14DH>BNLE O— FEEHLN+DEE

- DAE (PLBART) , TMLM, NOP (TreeBERT) , CAP (SPT-Code) &

Wo7TcBE2 BEM L IcERFE XX I D+ DEE,




DIILII
I~
A

i o L

— M &

Code Summarization

Model Java Py JS PHP Go Ruby
BLEU BLEU BLEU BLEU BLEU BLEU
Cur New Cur New Cur New Cur New Cur New Cur New
Transformer 16.26 1637 1581 1647 11.59 1026 22.12 2341 1638 1646 11.18 11.09
RoBERTa 16.47 1738 18.14 17.49 1190 11.75 24.02 2442 1772 17.63 11.17 11.26
GPT-2 - 18.62 - 18.92 - 1413 - 2391 - 17.59 - 12.03
BART - 18.98 - 1937 - 14.68 - 2446 - 18.80 - 13.65
T5 18.35 18.87 19.26 19.57 1457 1445 2459 2432 19.17 1870 14.18 13.72
CuBERT - 16.75 - 1777 - 11.34 - 2276 - 16.09 - 10.46
GPT-C 17.18 17.78 12.01 23.42 16.96 10.54
C-BERT 17.44 18.39 13.14 23.90 17.47 12.14
JavaBERT 18.23 17.57 11.91 22.87 17.13 10.94
CodeGPT-adapted 17.68 18.46 12.91 24.68 17.38 12.39
DeepDebug - 19.00 - 18.85 - 14.39 - 2337 - 17.68 - 13.27
CodeBERT 17.65 18.61 19.06 19.23 1490 14.75 25.16 2470 18.07 1826 12.16 12.53
GraphCodeBERT - 1893 - 19.39 - 1490 - 2564 - 18.50 - 12,63
CuglLM - 18.04 - 18.20 14.07 24.66 18.53 11.47
DOBF 19.05 19.18 1824 18.41 13.22 23.83 18.28 13.21
T5-learning - 18.84 - 18.23 - 13.18 - 23.10 - 17.29 - 1251
PLBART 1845 1931 1930 1941 1556 1573 2358 2447 1891 19.01 14.11 14.15
ProphetNet-Code 19.39 19.29 17.87 1820 16.60 1595 2457 2428 1843 1831 1437 14.39
CoTexT 19.10 19.19 19.52 19.72 1477 1508 2447 2457 1937 19.13 13.07 14.28
TreeBERT 18.90 - 1944 - 15.05 - 2382 - 18.74 - 13.57
CodeT5 20.31 2035 2001 2017 16.16 16.75 26.03 2597 19.56 19.68 1524 15.36
SynCoBERT - 18.89 - 18.74 - 1457 - 2555 - 18.36 - 1391
SPT-Code 18.90 19.71 15.28 24.78 19.17 14.38
UniXcoder 19.42 18.64 14.27 25.70 18.59 14.32

Top4ldCodeT5, ProphetNet-Code, CoTexT, SPT-
Code T, ITNBHIFETFIR—X, ZDHORRXT TIEXTFAHE
Al

BEEDTELTDR—XDH D L5467 (UniXcoder) &15
i (GPT-2) TURIDOER L I—E T,
E—XYTANLOHDODHAEFNTH - 7=,

ik, BRIEECONLEERLTWEZEE, V—
AO—Fon [BAE] PEARLTVWEREEZ NS

U

=153
=

JAXE—XI (O—FENL) ZEHLI-SFaE
MThNTWBEHEDHEFTH - 7=
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DIILII
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SR M

Code
. [
Model Generation
ode EM BLEU CodeBLEU
Cur New Cur New Cur New
Transformer 6.10 21.67 26.98
RoBERTa - 19.30 - 3192 - 3540
GPT-2 1735 17.55 2537 23.62 29.69 29.93
BART - 18.90 - 31.38 - 3372
T5 1865 18.70 3274 32.02 3595 33.26
CuBERT - 19.05 - 30.14 - 3282
GPT-C 19.85 30.45 33.10 .
C-BERT 19.80 33.62 35.99
JavaBERT - 1845 - 3462 - 36.93
CodeGPT-adapted | 20.10 20.15 3279 3594 3598 37.27
DeepDebug - 18.40 - 36.52 - 38.90
CodeBERT 21.15 31.45 35.26
GraphCodeBERT 21.00 34.33 37.55
CuglLM 21.80 33.70 3591
DOBF 20.35 35.26 37.41 °
T5-learning - 18.95 - 3576 - 3830
PLBART 18775 19.85 36.69 36.63 38.52 39.29
ProphetNet-Code - 21.70 - 37.67 - 3979
CoTexT 20.10 21.80 36.51 38.74 39.49 40.63
TreeBERT - 2205 - 3827 - 3973
CodeT5 2230 2340 40.73 40.75 4320 4340
SynCoBERT - 2135 - 38.39 - 4121
SPT-Code - 20.00 3791 39.90
UniXcoder 22.60 22.65 38.73 40.86

A X

SOTAIZTER—X (UniXcoder) m"BHTFR—X (CodeT5) IZ&
1k.

REDTER—X (UniXcoder) &£ TDR—X (CodeGPT-adapted)
ETIVIEZENZEN20L &1L

CodeT5(F0— FEHNTHLSOTATHSDHDOD, O0— FERFEL I—
FEMIZBEANICHEENER D=, TOXRXITOT5E
BART(NLO A CERIZEFA) 30— FEHNDIERI & Y HIEL,

Top3® 5 HCodeT5DH A T — K ENLOMA %FEF. UniXcoderl
O— F#E&EENL TreeBERTIZO— F#g&Es: O— F%2{EHAT 3,
SO—RENLOE—ZX VT4 DEER]IZFO-FLSPCIFEEE
T

O— FMEEICE T 5FpFEN+OEE
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